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Abstract: Understanding factors associated with flood incidence could facilitate flood disaster control
and management. This paper assesses flood susceptibility of Perlis, Malaysia for reducing and
managing their impacts on people and the environment. The study used an integrated approach
that combines geographic information system (GIS), analytic network process (ANP), and remote
sensing (RS) derived variables for flood susceptibility assessment and mapping. Based on experts’
opinion solicited via ANP survey questionnaire, the ANP mathematical model was used to calculate
the relative weights of the various flood influencing factors. The ArcGIS spatial analyst tools were
used in generating flood susceptible zones. The study found zones that are very highly susceptible
to flood (VHSF) and those highly susceptible to flood (HSF) covering 38.4% (30,924.6 ha) and 19.0%
(15,341.1 ha) of the study area, respectively. The results were subjected to one-at-a-time (OAT)
sensitivity analysis to verify their stability, where 6out of the 22 flood scenarios correlated with the
simulated spatial assessment of flood susceptibility. The findings were further validated using real-life
flood incidences in the study area obtained from satellite images, which confirmed that most of the
flooded areas were distributed over the VHSF and HSF zones. This integrated approach enables
network model structuring, and reflects the interdependences among real-life flood influencing
factors. This accurate identification of flood prone areas could serve as an early warning mechanism.
The approach can be replicated in cities facing flood incidences in identifying areas susceptible to
flooding for more effective flood disaster control.
Keywords: analytic network process; GIS; remote sensing; flood susceptibility; Malaysia
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1. Introduction
The occurrence of natural catastrophes has significantly increased in recent times due to various
factors such as environmental degradation, climatic change, rapid population growth, and intensified
and improper land uses [1]. Some of the impacts of natural disasters on human settlements include
severe injuries and fatalities, damage to properties and infrastructure, economic losses as well as social
disruptions [2]. Among natural disasters, flood deserves special attention because it is one of the most
frequent and costliest in terms of human and economic losses: it constitutes 31% of the total economic
damages resulting from natural disasters globally [3].
Asian countries, including Malaysia, are highly vulnerable to floods because of their geographic
locations and other factors [4]. About 90% of natural disaster related injuries in Malaysia are caused by
flood with average yearly cost of around USD205 million [5]. According to Malaysia’s Department of
Irrigation and Drainage, around 29,000 km2 of land area and over 4.82 million people or 22% of the
total population are affected by floods annually [6], with residents of low-lying areas, especially close to
riverbanks, being the most susceptible to flash floods [7]. Floods are mainly triggered by the occurrence
of intense monsoonal rainfall, which ranges between 2000 to 3000 mm annually. The resultant huge
concentration of run-off exceeding the absorptive capability of the natural drainage system cause
severe damages [6]. Several houses are being flooded, traffic flow interrupted, and lives are lost in
extreme cases [8].
Due to Malaysia’s high susceptibility to floods, various stakeholders are continuously seeking
permanent solutions to the country’s flood menace [9]. Indeed, an effective and systematic way of
managing periodic flood disasters requires mapping flood susceptible areas and understanding
potential flood triggering factors. This study, therefore, integrates GIS capability with experts’
judgments to help in assessing and mapping current and future flood incidences in Malaysia, targeting
Perlis area as a case study. The analytical network process (ANP), a type of multi-criteria tool for
decision making, is used to assess and rank experts’ input on the significance of various flood causing
factors and possible mitigation measures. There is a dearth of published research that combined
GIS-based ANP model and RS to forecast flood susceptible zones in Perlis, Malaysia. Recent studies
that adopted the ANP method have not incorporated remote sensing microwave images such as
Radar Satellite (RADARSAT) into the analysis [10–12]. Moreover, Perlis is in the northern part of
Malaysia that is regarded as the “rice bowl” of the country [13]. The frequent flood occurrences in
the area might affect the food security of the entire country. This study, therefore, bridges this gap by
first reviewing relevant literature on flood forecasting, followed by a description of the study area
in Section 3. Sections 4 and 5, respectively, explain the methodology employed in the study and
presents the findings. Section 6 discusses the results and Section 7 concludes the paper with some
key recommendations.
2. Literature Review
Flood is a natural and persistent overflow of huge quantity of water that occurs as a result of
intense and prolonged rainfall and ends in exceeding the absorptive capability of the ground, and
capacity of rivers, streams, and coastal areas [14]. A review of literature on flood vulnerability analysis
has shown that researchers are increasingly using multi-criteria decision-making tools (MCDT) to
assess the risk of flooding [15]. For example, GIS has been used to compute flood vulnerability
index based on social and physical criteria in several urban areas [16]. One of the most common
approaches of flood forecasting is integrating GIS with the analytic hierarchy process (AHP) and its
many variants [17].
Also, different RS tools have also been used to evaluate the vulnerability of an area to flooding.
For instance, SPOT (Systeme Pour l’Observation de la Terre [Satellite for observation of Earth])
imageries were utilized along with a digital elevation model (DEM) in the delineation of the monsoon
flood in Bangladesh [18]. DEM has been used to analyze the vulnerability of a coastal industrial city to
flooding due to predicted sea level rise [19] and multi-sensor RS data has been utilized to analyze the
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causes of recurrent flash flood in Jeddah city, Saudi Arabia [20]. In another study, Landsat Thematic
Mapper band 7 with the Near Infrared band 4 have been used to delineate flooded areas [21]. Similarly,
advanced very-high-resolution radiometer (AVHRR) data has been employed for regional flood
studies [22], as well as amplitude change detection technique using multi-pass synthetic aperture radar
(SAR) data for identifying flooded areas [23]. Other studies have analyzed the depth of flood using
AVHRR imageries from National Oceanic and Atmospheric Administration (NOAA) based on the tonal
variation (the relative brightness or color) of the flooded water in the images [24,25]. Other techniques
such as artificial neural network (ANN), decision tree (DT), and adaptive neuro-fuzzy interface systems
(ANFIS) model among others can deal with the issues of uncertainties in flood assessment but are
sometimes complex and difficult to handle [26].
In recent times, due to the need to handle the complex data required for flood vulnerability
analysis in a more efficient way and account for likely uncertainties, various advanced machine learning
algorithms and statistical models such as multivariate regression models have been explored [27].
Other studies have used support vector machine models [28], ANN model [29], ANFIS [30],
a combination of fuzzy logic and support vector machine [31], integrated machine learning and
statistical models [32], DT algorithm [33], logistic regression [34], and an ensemble of regression
trees and support vector machine [35]. Despite the recent focus on quantitative methods of flood
vulnerability analysis, qualitative approaches such as the AHP and ANP are still being adopted [36,37]
due to their relative simplicity in computing flood influencing parameters. The weights of each of the
parameter considered in an AHP model are determined by expert opinions unlike the quantitative
methods that require rigorous training and computations [28]. Though the AHP model has the
drawbacks of expert bias and unsuitability for global application [28], it could still be effectively
applied on a regional or local scale. In a recent study of Riyadh, the AHP model was adopted in
identifying flood vulnerability zones [38].
Analytic Hierarch Process (AHP) and Analytic Network Process (ANP)
AHP is a mathematical-based model developed by Thomas Saaty [39] in the early 1970s to
simplify and improve the process of decision-making. It comprises six major steps: problem definition;
decomposing the problem into a hierarchy; carrying out pair-wise comparison; calculating the
maximum eigenvalues and eigenvectors; calculating the consistency ratio to check the consistency of
the matrix; and aggregating the relative important weights of a decision to arrive at the final weighting
for decision alternatives [40]. Indeed, AHP has been recognized among researchers, practitioners,
and decision-makers for its application in assessing various geo-hazards problems including flood
and landslide susceptibility [41], slope failure [42], groundwater vulnerability [43], and urban seismic
vulnerability [44]. However, some inconsistencies were pinpointed especially during the early and
middle period of its discovery. For instance, as a top-down decision or hierarchy model, criteria
and alternatives are assumed to be independent from each other, which rarely holds true in real-life
situations [45]. Moreover, bias could occur when the criteria and sub-criteria correlate with each other.
Therefore, to improve decision-making processes and overcome some of the shortcomings of
AHP, particularly the assumed independence of decision factors, the ANP model was developed as an
improved generalization of the AHP method to deal with the problem of inner-dependences between
elements in a network. Similar to the AHP, ANP uses experts’ judgments as inputs for evaluating
decision factors in multi-criteria decision-making problems such as flood susceptibility mapping.
The ANP organizes elements into networks of clusters and nodes. Clustering is a means of classifying
similar elements or factors within the same group. Elements contained in clusters are referred to as
nodes and the ANP model supports comparison between nodes in the same cluster (inner-dependence)
and with nodes in other clusters (outer-dependence). Nodes in typical Multi-Criteria Decision-Making
(MCDM) applications have unequal degrees of influence and estimating the degree of influence
or significance of each factor is essential for producing valid susceptibility maps. Therefore, it is
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necessary to perform intra and inter comparison of nodes and clusters in order to prioritize the various
conditioning factors as a means of establishing their respective levels of significance.
Thus, the ANP allows the interdependences between decision factors to be considered, allowing
network model structuring, which is good for reflecting interdependences between real-life factors
such as those that influence flood occurrence. A key innovation of the ANP is its network structure,
which enables interactions between elements of different clusters and dependences between the
elements in the same cluster to be considered. ANP’s strength lies in its ability to handle the
complexities of everyday decision-making problems, which many other decision systems might
not handle effectively [40]. ANP is a relatively simple, intuitive approach that can measure all tangible,
intangible, individual, and shared values or criteria in the flood susceptibility model. Its ease of use
and facilitation of better communication among multiple diverse stakeholders makes it appealing to
a broad range of users, particularly for addressing complex real-life problems such as flooding [46].
ANP’s structured analysis facilitates continuous conversations leading to the gathering of relevant
information from every participant in the group thereby enabling the achievement of consensus. Such a
robust model that enables input from multiple diverse stakeholders and aggregation of different flood
conditioning factors, including indirect dependencies between the factors, can aid decision results
that are likely to be more consistent with real-world decision situations [47]. Hence, these reasons
influence the choice of ANP for this study. Figure 1 illustrates the structural difference between the
AHP and ANP.
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54.5% of its total area. Forest, bushes, shrubs, and rivers cover about 32.7% of the total area. Paddy is 
mostly located at the low-lying areas of the southern parts, while rubber and sugar cane plantations 
are mostly found in the northern areas of higher elevation. It also has a small industrial area. 
Perlis lies at latitude 6°43′19″ N and longitude 100°07′59″ E, with an elevation of 6 m (19ft) above 
sea-level. The climate is usually hot and wet, with two distinct rainy periods characterized by heavy 
downpour, and a drought season. It experiences a monsoon tropical climate and ‘winter winds’ (east 
coast wind from Teluk Siam). The drought period spanning the months of December to March is 
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3. Study Area
This study’s integrated flood forecasting approach was implemented in the flood prone city
of Perlis, situated in Peninsular Malaysia. The scope involved the entire State (Figure 2), with a
population of 227,025 people based on 2010 statistics [48]. The main economic activities in Perlis are
agriculture: paddy, oil palm, rubber, fruit farms and sugar cane plantations, which make up about
54.5% of its total area. Forest, bushes, shrubs, and rivers cover about 32.7% of the total area. Paddy is
mostly located at the low-lying areas of the southern parts, while rubber and sugar cane plantations
are mostly found in the northern areas of higher elevation. It also has a small industrial area.
Perlis lies at latitude 6◦43′19” N and longitude 100◦07′59” E, with an elevation of 6 m (19ft) above
sea-level. The climate is usually hot and wet, with two distinct rainy periods characterized by heavy
downpour, and a drought season. It experiences a monsoon tropical climate and ‘winter winds’ (east
coast wind from Teluk Siam). The drought period spanning the months of December to March is
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associated with the northeast monsoon. The two periods of rainfall are associated with the advance
and retreat of the southwestern monsoon in April–May and September–October. The latter period
produces greater depths of rainfall. The average annual temperature is 27 ◦C, while the mean annual
rainfall is between 2000 to 3000 mm. The rainfall peaks during the post-equinoctial transition periods
between the monsoons. Analysis of rainfall data indicates higher mean monthly rainfall between
May to November, with less rainfall in December to March. Severe flood disasters were recorded in
2010 and 2011, impacting people and causing damages to properties. The 2010 flood was described as
the worst disaster in the state in 30 years [49]. Over 50 million Malaysian Ringgit (RM) was lost and
13,711 people were evacuated [8].
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4. aterials and ethods
4.1. ANP Questionnaire Survey
This study adopted a mixed quantitative (including spatial data) and qualitative (expert opinion)
approach. The qualitative data was obtained from 16 experts in related fields such as hydrology, civil
and environmental engineering, geology, geomorphology, and urban and regional planning. Some of
these experts were consulted through visits to the study area. Contacts were subsequently established
Water 2019, 11, 615 6 of 28
during the first stage of the study through different platforms including conferences and online.
Experts were selected based on their expertise and experience in flood forecasting and management,
making them competent to provide meaningful and unbiased information required for ANP modeling
(Table 1). Focused expert discussions and literature review provided guidelines for selecting flood
causative factors (rainfall, slope, land use, soil type, and geology), which were then classified into
sub-criteria that are included in the questionnaire [5,50]. A sample of the questionnaire used in this
study is presented in Appendix B.
Table 1. Distribution of survey respondents by expertise.
Respondents’ Expertise Number of Respondents Percentage
Hydrology 6 37.5
Civil and environmental engineering 4 25.0
Geology 3 18.8
Urban and regional planning 2 12.5
Geomorphology 1 6.3
Total 16 100
First, a pilot survey was conducted to correct ambiguities and check wordings of the instrument to
ensure that the respondents clearly understood the questions. After multiple revisions, the final version
of the questionnaire was distributed to 22 experts to obtain their relative preference rankings of the
criteria and only 16 responses were retrieved (Table 1). The reason for considering many respondents
was to avoid bias in gauging their judgments [51], otherwise judgment from a few experts suffices [52].
The ANP was implemented using Super Decision based on the Saaty’s scale of measurement
(https://www.superdecisions.com/index.php) [53]. The software was used for pair-wise comparison
of judgments and subsequently to derive weights for each decision element using mathematical
techniques including eigenvalue, mean transformation, and row geometric mean. The decision
elements in ANP are represented as clusters and nodes. The clusters are the parent factors viz.:
land use, geology, slope, soil type, and rainfall; while the nodes are the sub-factors of the parent
factors. The validity of the output was assessed using the derived weights from the comparison
matrix. For example, if the value for the calculated matrix with an acceptable consistency judgment
is X, thus the comparative weight is calculated using this equation: Xw =λmaxw, where λ stands for
non-zero eigenvalue of a consistent matrix X [54]. The consistency index (CI) and consistency ratio
(CR) were calculated to ascertain the consistency of the judgments derived from the experts. The CR
was computed using this equation: CR = CI/RI, where RI is random index values derived from a
standard table, which is randomly generated (Table 2). The random inconsistency index was obtained
by averaging the consistency index of a randomly generated reciprocal matrix from a scale of 1–9
(Table 3), and it is not appropriate for the consistency ratio to be more than 0.10.
Table 2. Values of random inconsistency indices (adapted from Saaty [39]).
Matrix Size 1 2 3 4 5 6 7 8 9 10
Average Random Inconsistency 0.00 0.00 0.58 0.90 1.12 1.24 1.32 1.41 1.45 1.49
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Table 3. Interpretation of ANP measurement scale (adapted from Saaty [39]).
Degree of Importance Definition Interpretation
1 Equal importance Two element making equal contribution to the goal
3 Somewhat more important Moderate importance of element over the other element
5 Much more important Essential or strong importance
7 Very much important Very strong importance
9 Extremely important Extreme importance
Scale, 2, 4, 6 and 8 Intermediate values These are required when comprise between two adjacentjudgment is needed
Reciprocals If v is the judgment value when i is compared to j, then 1/v is the judgment value when j iscompared to i.
Group Preferences Aggregation
To derive criteria weights that are truly reflective of the combined views of various experts,
the individual ratings were combined to obtain a single consensus preference matrix. There are four
methods of combining individual pair-wise comparison matrices to derive a single consensus pair-wise
comparison matrix that is generally acceptable to all: (i) vote or compromise; (ii) separate models or
players; (iii) consensus; and (iv) geometric mean approach [55,56]. The arithmetic mean method has
also been implemented in some cases [57]. The geometric mean method was adopted in this study
because it is more appropriate for aggregating individual preferences of experts as it is consistent with
the meaning of both judgments and priorities in pair-wise comparison models [58]. It also maintains
the reciprocal property in the resultant pair-wise comparison matrix, which is exactly required for
the ANP methodology [59]. The mathematical definition of a geometric mean (∏) is the root of the
product of numbers, as shown in Equation (1) below.
∏ = n
√
a1 × a2 × a3 × a4 × a5 · · · · · · an (1)
where,
n = the number of respondents;
a = the value assigned by each respondent.
4.2. Spatial Database Creation
Spatial database for the flood influencing factors was created to enable the integration of the ANP
model. Table 4 describes the spatial data used in this study. As mentioned earlier, five flood-influencing
factors known to trigger flood in the study area were considered. GIS was used to convert the factors
into a grid spatial database, and the flood influencing factors were extracted from the database.
Analysis was done by using GIS to generate the flood susceptible zones based on the ANP mathematical
model using a weighted linear combination (WLC) method. The WLC method permits evaluation map
layers to be overlaid. Thematic map layers were produced to represent all criteria influencing flood
generation in the study area. The thematic map layers were assigned weights derived from the ANP
model so that each map layer depicts its relative level of influence in flood generation. The overall
methodology employed for this analysis is shown in Figure 3.
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Table 4. Spatial data layers used in the study area.
Data Year Scale Information Extracted Source
Topography Map of Perlis 1980 1:50,000 Digital ElevationModel (Slope)
Department of Survey &
Mapping, Malaysia [60]
Geology Map of the
Malaysian Peninsula 1985 1:250,000 Different classes of geology
Department of Minerals and
Geosciences, Malaysia [61]
Soil Map of the
Malaysian Peninsula 1962 1:250,000 Soil types
Department of Minerals and
Geosciences, Malaysia [61]
SPOT Image 2005 - Land use map: land usecategories classification
Malaysian Agency for
Remote Sensing [62]
Rainfall Gauge Data 2001–2011 - Amount of rainfall,2001 to 2011
Department of Irrigation
and Drainage, Malaysia [63]
RADARSAT Image 2010 - Flood extent map Malaysian Agency forRemote Sensing [62].Water 2019, 11, x FOR PEER REVIEW 8 of 28 
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4.3. Flood Extent Extraction from RADAR Image
A level-3 RADARSAT image obtained from [62] was used in this study. Data post-processing
aimed at refining the data using a suitable filter in preparation for further analysis was performed.
This involved classification, accuracy assessment, raster to vector conversion, vector overlaying, etc.
Lee filter was employed in filtering the image using a 3 × 3 filter size and a noise variance of 0.25 to
smoothen the noise. The flood extent extraction model was developed using ENVI 4.8 [64] and ArcGIS
9.3 software [65] to extract the maximum extent of the historical flood from the RADARSAT flood
image of the study area (Table 4). In extracting the water bodies, the normal water extent, paddy fields
oversaturated with water and the mountain shadow extent were included. However, in producing
the pure flood extent, the normal water extent, non-flooded paddy field and mountain shadows were
removed, while the flooded paddy fields were incorporated into the flood extent extraction model to
avoid underestimating the flood impact. Hence, the flood extent modeling approach involved two
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separate modeling processes: normal water extraction and flooded paddy area extraction. Although
paddy fields are typically flooded due to irrigation, they become overflooded when flood waters in the
paddy fields remain stagnant for days before the river level subsides and allows the water to flow out
to sea [66].
Figure 4 shows the methodology used for the flooded area extraction from RADARSAT image
using ENVI 4.8 software [64]. In validating the flood extent map, three methods were used.
First, the post-flood RADARSAT-1 image dated January 2011 was used to assess the correlation between
the flood extent extraction map and post-flood image. Second, the accuracy assessment algorithms
viz.: (i) neural network algorithm; (ii) parallel-pipe algorithm; and (iii) minimum distance algorithm
were used to evaluate and select the optimal algorithm. The neural network algorithm yielded the best
result with overall accuracy of 99.77% and kappa coefficient 0.99, followed by parallel-pipe algorithm
(98.64% accuracy and 0.92 coefficient), and then minimum distance algorithm (96.77% accuracy and
0.83 coefficient). The kappa coefficient is an accuracy indicator used in image classification accuracy
assessment where 0 implies lack of agreement between the ground truth image and the classified
image and 1 implies complete agreement.
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Third, the adopted methodology was used in validating the flood extent map because the findings
of a study conducted in Kedah State [15], neighboring the southern area of Perlis, correspond with the
flood influencing factors tested herein.
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4.4. Preparation of DEM and Thematic Layers
The topographic database was used to produce the digital elevation model (DEM). A Scale
1:50,000 topographic map was adopted in extracting the contours and survey-based points with certain
elevation values, and a DEM was generated with a resolution of 10 m to calculate the degrees of slope.
Similarly, a 1:250,000 soil map was used to produce the soil types’ thematic layer while a 2005 SPOT
5 satellite image was used to classify the land use categories of the study area using the supervised
classification method. The SPOT satellite image was chosen for this study since the resolution capability
of SPOT’s panchromatic (black and white) sensor was 10 m, while its multi-spectral sensor can have a
resolution of up to 20 m. Here the multi-spectral image of Perlis with a resolution of 20 m was chosen.
In multi-spectral images, three bandwidths were used—i.e., green, red, and near-infrared bandwidths.
In contrast, the human eye sees using three visual bands—i.e., red, blue, and green bands. This image
was processed using ENVI 4.8 [64] software to develop the land use map of Perlis. The selection of a
multi-spectral satellite image rather than an aerial photograph facilitated the land use map processing.
This was due to the ability of the near infrared band to differentiate much more clearly between foliage
and water bodies. In the classification process, the representative training areas of each land cover
were chosen using reference data such as maps and field investigations. The land use map has been
categorized into six classes: forested areas, paddy fields, rubber plantation, sugar cane plantation,
and existing human settlements.
Rainfall data from 14 different rainfall gauge locations covering the entire Perlis state were
collected from the Department of Irrigation and Drainage, Malaysia [63]. The amount of rainfall
recorded over a period of eleven years from 2001 to 2011 was used in this study. The mean annual
rainfall for each rainfall gauge was inputted into the GIS, where Kriging interpolation method based on
Gaussian function was used. The rainfall data is sparse with low spatial resolution due to the limited
number of available stations. Lastly, a 1:250,000 geology map was used to create the outcrops thematic
layer. The flood influencing factors were represented in GIS as thematic layers for the application
of the ANP model. The derived weights were calculated from the ANP mathematical model and
the combination of all the clusters and their nodes were further integrated into GIS system using the
weighted linear combination method (WLC) for the simulation of flood susceptible areas in the study
region. The flood susceptibility levels of the different locations within the study area were divided
into five classes: hardly susceptible to flooding (1); very little susceptibility to flooding (2); moderately
susceptible to flooding (3); highly susceptible to flooding (4); and very highly susceptible to flooding
(5). The classification signifies an increasing level of susceptibility to flooding with Class 1 being
the least susceptible and safest while Class 5 is the most susceptible and hazardous. Furthermore,
the simulated spatial flood susceptibility assessment was validated by superimposing the flood extent
extraction model over the spatial flood forecasting model.
5. Results
5.1. Flood Susceptibility Mapping Using ANP Model
The ANP model was used to forecast the likely areas that will be subjected to future flooding
in Perlis and to superimpose these susceptible areas with the extracted historical floods extent of
the area detected from RADARSAT images and field surveys. The analysis indicates that there are
basically five clusters, where each of these clusters has its own nodes from within. Each cluster has a
loop indicating the presence of inner-dependences between the nodes of a given cluster. There are
also outer-dependences and feedbacks indicated with one-way and two-way arrows, respectively.
Therefore, the pair-wise comparisons of both the clusters and nodes were carried out based on the
ANP network structure as shown in Figure 5.
The initial (unweighted) super-matrix, weighted super-matrix, and limit super-matrix were
calculated. The limit super-matrix is illustrated in Table 5 which comprises the normalized by
cluster weights and the final limit super-matrix. Based on the derived weights calculated from
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the ANP mathematical model, the clusters and their nodes were combined using GIS’ weighted linear
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Table 5. Priority vectors of the nodes.
Flood Influencing Factors Normalized by Cluster Weights Limit Super-Matrix
Alluvium (ALL) 0.50 0.10
Chuping limestone (CHL) 0.14 0.03
Granite (GN) 0.04 0.01
Sand, gravel, and clay (SGC) 0.04 0.01
Setul limestone (SLI) 0.06 0.01
Shale & siltstone (SS) 0.22 0.04
Forested areas (FA) 0.13 0.02
Paddy fields (PF) 0.51 0.09
Rubber farms (RU) 0.06 0.01
Water bodies (WB) 0.31 0.05
Little rainfall 250–300mm (LR) 0.19 0.04
Major rainfall 350–400mm (MA-R) 0.38 0.08
Moderate rainfall 300–350mm (MO-R) 0.35 0.08
Very little rainfall 200–250mm (VLR) 0.09 0.02
Flat slope 0–8% (FSL) 0.42 0.09
Gentle slope 2–8% (GSL) 0.32 0.07
Moderate steep slope 15–30% 0.06 0.01
Rolling slope 8–15% (RSL) 0.15 0.03
Steep slope 30–60% (SSL) 0.05 0.01
Lithosols and shallow latosols (LSL) 0.19 0.04
Low humidity clay soil (LHC) 0.60 0.11
Rey/yellow latosols on older alluvium
(R/Y ALL) 0.07 0.01
Rey/yellow latosols on sedimentary rocks
(R/Y SED) 0.14 0.03
Summation 5.00 1.00
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5.2. Flood Susceptibility Result
The susceptibility analysis considered these flood triggering factors: land use; settlement
information; soil types; rainfall; slope; and geology; in deriving susceptibility as used in similar
studies [50]. As shown in Figure 6, the areas are the very highly susceptible to flooding (VHSF) areas
accounting for 38.4% (30,924.6 ha), highly susceptible to flooding (HSF) 19.0% (15,341.1 ha), moderately
susceptible to flooding (MSF) 27.6% (22,256.7 ha), very little susceptibility to flooding (VLSF) 8.2%
(6590.4 ha), and hardly susceptible to flooding (HSF) 6.7% (5437.0 ha). The flood susceptibility indices
employed in this study are based on literature review [50].
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decision elements to be independent, which rarely occur in a real-life situation and the issue of
rank reversal. Thus, ANP enabled the modeling of the interdependence of the factors responsible for
flood disaster occurrence.
The findings of the study indicate that the flood vulnerable areas in Perlis are situated in the
southern part of the state. According to our findings, alluvium deposit, paddy fields, flat slope, and low
humidity clay soil are the most important factors influencing flood generation in the southern part of
the study area with susceptibility levels of 34.1% (27,773.7 ha), 49% (39,863 ha), 83.0% (68,934.6 ha), and
40.7% (33,220.4 ha) respectively. This corresponds with the results of Adiat et al. [50] that conducted a
similar study in Kedah State bordering the southern part of Perlis. To produce their flood susceptibility
map, the authors utilized similar factors adopted in the present study such as soil type, geology,
rainfall, and slope. The presence of these factors in various proportions within a location trigger flood.
For instance, similar geology types were confirmed to be present in Perlis in the study of Arafin and
Lee [67], which prevent the percolation of storm water into the ground resulting in water overflow.
Despite using different MCDM approaches for different study areas with similar flood conditioning
factors, these studies present similar outcomes. The prioritization of the conditioning factors by
the respective experts also highlighted the significance of land use, geology, rainfall, and slope in
influencing a region’s flood susceptibility. According to their findings, the highly susceptible flood
areas in Kedahare located at the border with the southern part of Perlis, corresponding to this present
study’s outcome. Similarly, Azizat and Omar [68] considered factors such as geology, soil type, rainfall,
and slope (DEM) in mapping Perlis’ flood hazard areas. Frequency ratio, statistical index, and Poisson
method were used in that study and the flood susceptibility results correspond with the result of this
present study. The similarity in results is likely due to the consistency in experts’ judgements regarding
flood triggering factors at all levels for the separate studies. Outcomes of integrated MCDM-GIS
models are largely influenced by the prioritization of the flood triggering factors by experts. This
underscores the significance of carefully selecting experts with sound knowledge of the terrain for
reliable hazard susceptibility mapping. In this instance, the outcome of the experts-model based map
corresponds with the susceptibility levels of the study areas from field observation and Azizat and
Omar’s [68] integrated methods, thus confirming the reliability of the integrated ANP model adopted
in this study.
Thereafter, sensitivity analysis, which is a collection of methods used for evaluating the degree
of sensitivity of the spatial multi-criteria model output to slight changes in the input values was
performed [69]. It is recommended that a sensitivity analysis should be carried out after every
multi-criteria analysis to monitor/verify the stability of results because of possible uncertainties
in the experts’ judgments [70]. There are two common methods of sensitivity analysis namely:
(i) modification of weights obtained from the experts, and (ii) the assumption of equal weights for
all factors. The main purpose of the sensitivity analysis is to examine how sensitive the choices
are in relation to the changes in the criteria weights. This is quite imperative in the situation where
uncertainties exist in the definition of the importance of different factor(s). The answers to the questions
of ‘what if analysis’ can be addressed through a sensitivity analysis. Hence, the sensitivity analysis is
recommended for all kinds of multi-criteria analysis. However, because of the sophisticated network
structure of the ANP model, this kind of analysis is hardly conducted [71]. In this study therefore, to
test the robustness of spatial flood susceptibility model, one-at-a-time (OAT) sensitivity analysis was
used by modifying the weights of each criterion. The OAT is the most common and simplest technique
used in changing the weight of one criterion at a time in order to understand the effect of the change
on the outputs. Thus, the weights were modified by running 22 scenarios of the flood susceptible
zones. Different sets of values of the sub-criteria were systematically altered to explore their impacts
on the overall weights, which were subsequently input into the GIS software to generate different
flood susceptibility maps.
Based on the sensitivity analysis results, only six out of the total scenarios correspond with
the developed spatial flood susceptibility map: alluvium, paddy fields, major rainfall, moderate
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rainfall, flat slope, and low humidity clay soil as demonstrated in the Scenario 1, Scenario 8, Scenario
12, Scenario 13, Scenario 15, and Scenario 21 respectively (Table 6). These scenarios were chosen
based on their conformity with the original spatial flood forecasting model developed herein as
shown in Appendix A Figures A1–A6. This is because they showed almost the same trend with the
developed model. In summary, the modified scenarios verified the strength of the study’s spatial flood
susceptibility model. The remaining 16 scenarios that show negative results are not presented here.
Table 6. Sensitivity analysis.
Sub-criteria Limiting Scenario 1 Scenario 8 Scenario 12 Scenario 13 Scenario 15 Scenario 21
ALL 0.10 0.20 0.09 0.09 0.09 0.09 0.09
CHL 0.03 0.02 0.02 0.02 0.02 0.02 0.02
GN 0.01 0.00 0.00 0.00 0.00 0.00 0.00
SGC 0.01 0.00 0.00 0.00 0.00 0.00 0.00
SLI 0.01 0.01 0.01 0.01 0.01 0.01 0.01
SS 0.04 0.04 0.04 0.04 0.04 0.04 0.04
FA 0.02 0.02 0.02 0.02 0.02 0.02 0.02
PF 0.09 0.09 0.19 0.09 0.09 0.09 0.09
RU 0.01 0.00 0.00 0.00 0.00 0.00 0.00
WB 0.05 0.05 0.05 0.05 0.05 0.05 0.05
LR 0.04 0.04 0.04 0.04 0.04 0.04 0.04
MA-R 0.08 0.08 0.08 0.18 0.08 0.08 0.08
MO-R 0.08 0.07 0.07 0.07 0.18 0.07 0.07
VLR 0.02 0.01 0.01 0.01 0.01 0.01 0.01
FSL 0.09 0.09 0.09 0.09 0.09 0.19 0.09
GSL 0.07 0.06 0.06 0.06 0.06 0.06 0.06
MSL 0.01 0.01 0.01 0.01 0.01 0.01 0.01
RSL 0.03 0.03 0.03 0.03 0.03 0.03 0.03
SSL 0.01 0.00 0.00 0.00 0.00 0.00 0.00
LSL 0.04 0.03 0.03 0.03 0.03 0.03 0.03
LHC 0.11 0.11 0.11 0.11 0.11 0.11 0.21
R/Y ALL 0.01 0.01 0.01 0.01 0.01 0.01 0.01
R/Y SED 0.03 0.02 0.02 0.02 0.02 0.02 0.02
Summation 1.0 1.0 1.0 1.0 1.0 1.0
Similarly, reliability and validity analyses of the spatial flood forecasting model were carried out
using two forms of validations namely: (i) superimposing the flood extent model over the spatial flood
susceptibility model using GIS to determine matches between the flood extent information and the
flood susceptibility model, (ii) comparing the flood susceptibility model with the spatial information
of the study area such as the slope, land use, outcrops, and soil type data layers. In validating the
spatial flood susceptibility model using real-life flood incident in the study area, radar satellite images
of the November 2010 flooding were used. Figure 7 illustrates the side by side views of the spatial
flood susceptibility model and the flood extent model developed based on the real-life flood incident
of the study area. From the comparison of these images in Figure 7A,B, it is observed that the flooded
areas were found to be scattered over the areas forecasted to be very highly and highly susceptible to
flooding. Similarly, Figure 7A was superimposed over Figure 7B to observe the relationship between
the two as shown in Figure 8. Table 7 presents the susceptibility levels of the spatial flood susceptibility
model as well as the magnitude of the flood extent model.
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Table 7. Susceptibility levels of spatial flood susceptibility model and the magnitude of flood
extent model.
Spatial Flood Susceptibility odel Area (ha) Percentage of Area (%)
Hardly susceptible to flooding ( ) 5437.0 6.7
Very little susceptible to flo ding ( 6590.5 8.2
Moderately susceptible to floo i 22,253.5 27.6
Highly susceptible to flooding ( 15,341.0 19.0
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An analysis of the superimposed image indicates that 38.4% (30,924.6 ha) of the flooded areas
are dispersed over the areas identified as very highly susceptible to flooding and 19.0% (15,341 ha) in
highly susceptible to flooding (Figure 8). Therefore, this shows a significant match between the spatial
ANP flood susceptibility model with the real-life flood extent model of the study area.
Moreover, the spatial information obtained were also used as the second form of validation in this
study. Alluvium deposit, paddy fields, flat slope, and low humidity clay soil data layers were as well
used in validating the spatial flood susceptibility model in this study. This was done by superimposing
the flood extent model with the spatial information of the study area. Figure 9 shows the major flooded
areas were found to be in the major paddy fields areas, represented in dark-grey color, which formed
49% (39,863 ha) of the total study area (Table 8).
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Forested Areas 15,222.1 18.7
Water Bodies 748.9 1.4
Total 81,544.4 100
Flood Extent Extraction Model
from Real Life Situation 33,966.2 41.9
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Therefore, this study’s findings indicate that the re is charact riz d by paddy fields
overburdened by cl y, which is impervious; hence, the percentage of permeation of rainfall in the study
ar a will be very low thus incr asing its susceptibility to flooding. Similarly, regarding the g ol gy,
flat slope, and low humidity clay soil of the area, which cannot be changed, it implies that the area
might have to live with flood incidences. This further explains the reason why the flood susceptibility
of each accounts for 34.1% (alluvium), 49% (pa dy fields), 83.0% (flat slope), and 40.7% (low humidity
clay soil) respectively.
Water 2019, 11, 615 18 of 28
7. Conclusions and Recommendations
This study has successfully produced a detailed flood susceptibility map of Perlis. Flood
influencing factors were ranked using integrated ANP and geospatial technologies. Different scenarios
were simulated and used in assessing the robustness of the flood susceptibility model. Scenarios
that corresponded with the model were identified (Appendix A: Figures A1–A6). The findings of the
study indicate that the southern part of the study area is the most vulnerable to flooding as shown in
Figure 9. This part contains substantial amount of alluvium deposits, paddy fields with clays, and a
flat surface, which trigger flooding. Thus, the developed flood susceptibility map can be used to offer a
long-term early warning information on areas that are likely to be affected by flood disaster to enhance
disaster preparedness and mitigation. Therefore, the local planning authority should collaborate with
all stakeholders, including department of health, agriculture, the disaster management unit, and the
civil societies to enlighten the public about areas that are highly susceptible to flooding. The flood
susceptibility map can serve as a current and reliable source of flood information for the study area
that delineates all flood vulnerable zones, and therefore should be utilized in updating the current land
use policies of the area as well as the existing policies guiding natural hazards emergency management
to avoid future damages. Moreover, to ensure that the flood susceptibility map remains up to date, the
planning authority should establish a five-year period to review and update the flood susceptibility
map [72]. This is by revisiting the flood study to ensure that the developed model and calibrated data
remain up to data and useful.
Also, the flood susceptibility model could serve as a valuable reference material for future studies
and stimulate more interest in the integration of GIS-based ANP and RS techniques. It has the potential
to promote the development and use of hybrid approaches to further enhance flood forecasting and
management procedures. The number of published works on the use of ANP and GIS-based ANP
model seem minimal in comparison to other integrated approaches [73,74]. This is despite the sizeable
volume of articles on flood and related natural hazards published globally. With the projected increase
in flood catastrophe in coming years, it is expected that more researches will be undertaken using
GIS-based ANP and remote sensing and other analytical tools for optimal flood forecasting and
management. Future research should utilize the normalized difference water index for water body
extraction. Similarly, the computational fluid dynamics software can be used to delineate the flood
areas and for compare real-life flood extent with modeled data.
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Example of the nodes comparison questionnaire: Comparison of nodes in rainfall cluster with nodes
in soil type cluster.
Question: With respect to flood generation, given that the area has little rainfall (250–300mm), which
node is more responsible for flood generation?
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Low humidity clay soil 9[]. 7[]. 5[]. 3[]. 1[]. 3[]. 5[]. 7[]. 9[] Red/yellow latosol on older alluvium
Low humidity clay soil 9[]. 7[]. 5[]. 3[]. 1[]. 3[]. 5[]. 7[]. 9[] Red/yellow latosol on sedimentary rocks
Low humidity clay soil 9[]. 7[]. 5[]. 3[]. 1[]. 3[]. 5[]. 7[]. 9[] Lithosols & shallow latosols
Red/yellow latosol on older alluvium 9[]. 7[]. 5[]. 3[]. 1[]. 3[]. 5[]. 7[]. 9[] Red/yellow latosol on sedimentary rocks
Red/yellow latosol on older alluvium 9[]. 7[]. 5[]. 3[]. 1[]. 3[]. 5[]. 7[]. 9[] Lithosols & shallow latosols
Example of the cluster comparison questionnaire
Question: With respect to flood generation, which cluster is more responsible for flood generation?
Geology 9[]. 7[]. 5[]. 3[]. 1[]. 3[]. 5[]. 7[]. 9[] Slope gradient
Geology 9[]. 7[]. 5[]. 3[]. 1[]. 3[]. 5[]. 7[]. 9[] Soil type
Geology 9[]. 7[]. 5[]. 3[]. 1[]. 3[]. 5[]. 7[]. 9[] Rainfall
Slope gradient 9[]. 7[]. 5[]. 3[]. 1[]. 3[]. 5[]. 7[]. 9[] Soil type
Slope gradient 9[]. 7[]. 5[]. 3[]. 1[]. 3[]. 5[]. 7[]. 9[] Rainfall
Soil type 9[]. 7[]. 5[]. 3[]. 1[]. 3[]. 5[]. 7[]. 9[] Rainfall
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